INTRODUCTION
Cognitive factors are significant but often neglected elements that influence patient decision-making during prospective elective episodes of medical care. This paper presents a case study of total knee arthroplasty (TKA) to illustrate the interplay of cognitive factors in an agent-based simulation (ABS) of individual patient behavior during an episode of care beginning prior to and terminating 90 days after undergoing this surgical procedure.
TKA is a surgical procedure performed when a patient's knee no longer functions or causes severe pain. It is a common solution undertaken by many people who suffer from severe osteoarthritis. Conventional treatment of knee pain ranges from non-steroidal anti-inflammatory drugs, narcotic and non-narcotic (weak) analgesics and physical therapy [1] . However, in advanced cases of osteoarthritis these treatments may be of limited value, leaving TKA as the best option to alleviate pain and restore function. However, these potential benefits of surgery also need to be weighed against the risks of surgical mortality and morbidity [2] .
An episode of care around TKA, or total knee replacement surgery, is an elective medical procedure that can be decomposed into several distinct phases, as depicted in Fig. 1 . At the most abstract level these phases are: (1) pre-assessment; (2) pre-admission (approximately 30 days); (3) procedural; and (4) post-surgical (approximately 90 days). During pre-assessment, the individual suffers from knee joint pain and loss of function, often due to osteoarthritis or injury. The individual may seek help from a primary care physician (PCP), undergo imaging such as X-ray or MRI, and/or receive care in the form of pain-relieving medication. During the pre-assessment phase, patients consult with an orthopedic surgeon (OS) by referral from a PCP, self-referral or referral from another OS. An initial assessment is performed by the OS that may include diagnostic imaging, physical examination, and elicitation of information from the patient to help in the determination of the necessity of TKA. During this period of assessment, the OS weighs patient expectations or attempts to direct patient expectations toward more realistic goals, and determines whether the individual is a suitable candidate for TKA [3] . Following a positive joint determination by the OS and patient that TKA is indicated, the surgery can be scheduled. Many factors are involved in this shared decision making process as illustrated by the large geographic variation found in Medicare rates for TKA [4] . This stage is followed by hospital pre-admission, which occurs three days before the surgery, and consists of pre-blood work and ECG, consultation and signoff by the PCP or cardiologist. The TKA itself is typically performed as an inpatient procedure in a hospital, but also may be performed at an ambulatory surgical center. The episode of care is terminated 90 days after completion of the TKA. During the first stage of this 90-day period the patient undergoes physical rehabilitation and recovery from the procedure for the purpose of relieving postsurgical pain and recovering knee joint function. The patient may face a wide range of rehabilitation options. In the absence of significant provider attempts at consultation or intervention, the choice of rehabilitation facility is largely defaulted to patient preferences. For example, a patient may prefer more expensive inpatient options such as a hospital or a skilled nursing facility. Other options are physical therapy and home health care. A limited percentage of cases will require hospital readmission prior to the end of the episode due to potentially avoidable complications such as deep vein thrombosis, infection, hemorrhage or dislocation, leading to additional costs directly associated with the episode of care.
HEALTH COGNITION
Historically, the study of human cognition was compared to a normative benchmark with a foundation in rational choice theory. The classical approach in economics to choice among risky prospects is expected utility theory (EUT) [5] . This theory posits that each potential outcome is paired with a utility that expresses its explicit value on a single dimension. If the probabilities of the outcomes can be estimated, the EU of a choice is the additive combination of the utilities of all potential outcomes weighted by their probabilities of occurrence. The normative approach has been used extensively by the medical community in drafting recommended decision making protocols for clinical judgment.
In contrast, the psychological literature in recent decades has emphasized a more descriptive approach to human decision making that is characterized by bounded rationality, use of heuristics, and cognitive bias. Several investigators have applied this paradigm to patient/provider decision making. For example, the EUT assumption that outcome probabilities that sum to unity can be determined has been challenged by the unpacking principle which states that providing a more detailed description of an outcome increases its judged likelihood. Framing and adding decision alternatives can distort preferences for alternatives being considered. Cognitive bias also plays an important role in structuring medical decision problems through sunk costs, loss aversion, regret, discounting, omission, optimism and pessimism [6] [7] [8] . Knowing how to apply the principles of health cognition to decision models is crucial in constructing accurate models of behavior.
AGENT-BASED SIMULATION
The practice of ABS [9] has begun to enter a somewhat more mature phase of development, at least with respect to dynamic analysis of socio-technical systems, although it still has not fully penetrated some knowledge domains as a commonly-accepted approach to simulation, including the analysis of healthcare systems. There are, however, a few published examples of ABS models in the healthcare sector, including models of congestive heart failure [10] , type 1 diabetes mellitus patient adoption of continuous glucose monitoring technology [11] , healthcare delivery systems for type 2 diabetes [12] , and health behaviors such as the spread of obesity [13] and drinking behavior [14] .
Despite the limited use of ABS in the healthcare sector to date, there are many advantages to a disaggregated, individual-based approach to complex systems simulation as compared to a macro approach such as systems dynamics simulation. ABS has the capability to mimic the behavior of systems in which the proliferation of complex or heterogeneous individual agent profiles can produce complex patterns of behavior, or there exists extensive interactions among agents. For these reasons we elected to develop a preliminary model of a total knee replacement episode of care in an agent-based simulation framework.
MODEL DESIGN
An individual-based model was developed in the agent-based simulation package Repast Simphony (Java version). RePast Simphony implements agent protocols with discrete time management for which all actions are synchronized in time by equal-step updating. The initial version of this model was fairly simple, requiring only interactions between patient (ReplacementSurgeryPatient) and OS (OrthoSurgeon) agents to capture the main behavioral phenomena of interest. A simple fee-for-service payment mechanism was assumed to measure outcomes in terms of dollars spent and medical service utilization. The model implements the sequential stages of TKA shown in Figure 1 . The pre-assessment stage was not modeled in this initial version of the software.
KNEE JOINT PAIN
The primary stimulus for seeking treatment on the part of the patient is the experienced degree of knee joint pain relative to an individual's pain tolerance threshold (l). The initial amount of knee pain (p 0 ) and individual pain threshold are set independently for each patient by random draws from uniform distributions. The distributions were chosen such that almost half the patient population will experience pain exceeding their personal threshold at the start of a simulation run. It is assumed that in the absence of treatment, knee pain increases monotonically with time. Here we assume that a single time step corresponds to one day. During each simulation update, which occurs every time step (day), experienced knee pain is incremented by one with probability k 1 =.01. The patient performs a cognitive comparison at each time step in order to revise their belief that a surgical option is required to mitigate experienced pain. The belief function (B p ) assumes a two-parameter logistic form as shown in Eq. 1.
The range of the belief function is the interval (0, 1). If the free parameter c=0 the degree of belief in treatment takes on a value of 0.5 whenever experienced pain n equals the pain tolerance threshold l. The scaling parameter θ establishes the height of the function in the domain of values used in the simulation experiments. Following TKA the knee pain attributable to the chronic condition is reset to zero. Pain resulting from TKA itself is not considered in this episodic model.
After some experimentation we selected parameter values c=80 and θ=.01 for the simulation experiments reported in this paper. It was discovered that the influence of other free parameters in the simulation, especially information avoidance strength, was highly sensitive to the selected parameters for the pain-tobelief conversion function. Simply stated, decreasing the localized slope of the conversion function tended to increase the sensitivity of information avoidance strength to the value of the output variables.
TREATMENT SEEKING DECISION MODEL
In economic theory the dominant framework for decision making models is still EUT. We adopted a descriptive approach to human decision making in order to mimic an alternative decision process implicated in seeking treatment (surgery) to alleviate knee joint pain. One widely-accepted framework, named dual processing theory, posits the existence of two cognitive systems that are responsible for formulating decisions. This theory characterizes decision making as a flexible integration of a fast, intuitive, automated and affective experiential system (System 1) and a slow, analytical, deliberative and rational system (System 2). Mukherjee developed a mathematical model that aggregates System 1 and 2 processes into a single decision rule [15] . He assumed that evaluation of risky choice involved the linear combination of the quantitative outputs of the two systems to generate a single outcome or decision. Dual processing is applicable to the episodic healthcare delivery context because the patient can either attend to the emotional quality generated by the pain stimulus or objectively weigh the risks and benefits of surgery, depending on which imperative is salient at any given moment. The Mukherjee model was adapted to medical decision making in [16] ; Eq. 2 shows the value function V for a single choice alternative (C) in that adaptation,
where p i is the probability of outcome x i , 0 ≤ m I ≤1, and 0 ≤ γ < 1 is the relative weight given to System 1 on the RHS. The value functions in Eq. 2 for System 1 (left-hand term on RHS) and System 2 (right-hand term on RHS) have distinctively different forms. System 1 value is expressed primarily as a power value function. With a fractional exponent the System 1 value function satisfies risk aversion for gains because the function is concave when the utility (x i ) is greater than zero. We set m 1 = 0.5 for all simulations reported in this paper. Note that outcome probabilities are absent from the System 1 value function, i.e., every outcome is equally weighted. This highlights an important feature of the intuitive System 1 mode, which can be described as a type of satisficing that enumerates potential outcomes, especially affectivelytinged outcomes, without regard to the likelihoods of their occurrence. The salience of potential outcomes is what counts, not their probability of occurrence. The right-hand term of Eq. 2 signifies the classical utility function, where values (x i ) are preserved veridically in subjective calculations, and utilities are properly weighted by their probabilities (p i ). Finally, w is a scaling constant which can be set to unity.
Djulbegovic et al. [16] consider binary choice where, for example, a patient either opts for treatment (surgery) or elects to avoid/postpone treatment. Since according to some objective criteria (e.g., clinical guidelines) surgery is either indicated or not indicated regardless of patient preferences, we can identify four different outcomes and their associated utilities (Table 1) . Surgery not indicated
The critical informational quantities processed by the patient are net benefits and net harms. The net benefit of treatment is equal to the difference in outcomes of seeking and not seeking surgery when medical guidelines indicate surgery. The net benefit attributed by System 1 is denoted by B 1 , and System 2 net benefits are denoted by B 2 . Similarly, the difference in outcomes of seeking and not seeking surgery when it is not indicated is defined as the net harms. Net harms are accordingly labelled H 1 for System 1 and H 2 for System 2. Net benefits/net harms are assessed differently according to System 1 and System 2 modes of thinking. We can use net benefits/net harms to compute the threshold probability (p t ), where surgery is actually indicated with respect to unbiased medical guidelines, but at which the patient is indifferent with respect to deciding between surgery and avoidance (Eq. 3).
The indifference threshold (p t ) is interpreted as follows. If the probability (or belief) that surgery is indicated (B p ) exceeds p t the patient prefers the surgical option, else some option other than surgery is adopted. The first term in parentheses to the left of the square-bracketed phrase refers to calculations used in EUT, which depends only on the System 2 net benefits/net harms ratio. Here, increasing the ratio lowers the indifference threshold. On the other hand, if an examination of System 1 net harms and net benefits reveals H 1 > B 1 , the indifference threshold is higher than the EUT threshold. In this case, H 1 > H 2 further elevates the indifference threshold, but if H 1 < H 2 the opposite trend holds.
INFORMATION AVOIDANCE
Research into communication and cognition has long characterized human beings as curious, informationseeking organisms. Likewise, a dominant trend in health informatics emphasizes patient empowerment and the health benefits it accrues through increased access to health information and greater shares in treatment decision making; nevertheless, in certain instances people prefer to remain uniformed and information may be selectively filtered out through intervention of a cognitive bias known as information avoidance [17] .
It seems obvious that people may selectively avoid information out of fear of cognitive, affective and behavior consequences of hearing the information. For example, it has been suggested that individuals avoid information if they perceive that it threatens their need for autonomy. A physician tells a patient that someone at high risk for diabetes should give up fried foods, thus motivating a threat response on the part of the patient because she is being asked to cede autonomy with respect to dietary preferences [18] . Blocking the information is therefore viewed as a coping strategy intended to reassert patient autonomy and preserve the status quo. There exists some experimental evidence that health information is avoided in realistic scenarios when feedback may obligate the patient to undesirable behaviors. In one study, participants completed an online risk calculator for a fictitious condition, and were given the opportunity to receive feedback from the calculator that would obligate them to a cervical exam and medication for the rest of their life if they were calculated to be at high risk. These participants declined to receive the risk feedback significantly more often than others who were told that the feedback might lead to only slightly undesirable consequences (having their cheek swabbed and taking medication for two weeks.) [18] . Other work discusses avoidance of information derived from genetic screening for cancer [19] .
The presence of this kind of selective inattention or avoidance in decision-making most likely implicates System 1 functioning. An important side-effect of System 1 function is the anticipated regret that occurs when a patient realizes the expected "harm" that would occur when an OS provides unwanted information. The discomfort associated with TKA is certainly the type of news that may be received as unwanted. If the individual is physically active, it could also imply a significant loss of autonomy in the sphere of physically demanding activities such as sports, exercise, travel, yard work, etc. Therefore, we expect that a certain proportion of patients who find themselves in the pre-assessment stage will actively avoid information that moves them closer toward arthroplastic solutions to their experienced knee pain.
Although information avoidance can be considered a response triggered by specific situations, some researchers have postulated that there is a generalized avoidance trait leading to either an "open" or "closed" mind. Information-seeking styles are then characterized as either "monitoring", or active scanning of the environment for threats, or "blunting", i.e., avoidance or distraction from threatening information [19] . In this episodic model, each patient is biased toward information-seeking style of avoidance according to a user-selected probability. If the information avoidance bias trait is tagged to a particular patient, its strength is constant over the entire population of patients, and the population parameter value for strength (0< k ≤1) is set by the user. Otherwise the patient is treated as a "monitor". We assume that the attachment of information avoidance bias to patient agents decrements the calculated net benefits for the case where surgery is indicated by "blunting" the value of the information. This effect is implemented in the episodic model by multiplying the net benefits from System 1 (B 1 ) by (1-k), where k is the avoidance parameter, and greater values of k diminish the utility of the net benefit.
RATIONING BY WAIT TIME
Health care rationing is a controversial and sensitive topic in the U. S., although forms of it have been adopted as public policy in some countries. One proven rationing strategy to reduce total healthcare costs, without formulating an explicit rationing policy, is to effectively ration care by increasing the wait time for certain elective surgery. Wait time is a characteristic of queues, in this case, queues formed by patients of specific OS providers scheduled for TKA. If a specific OS always performs an arthroscopic surgery in a constant amount of time with very little variability, wait time is approximately a linear function of queue length. Wait lists are effective rationing devices because although patient time is not literally wasted in a physical queue, the utility of the surgery as an economic good or service declines as a function of time because of discounting (i.e., the value of a good declines as the time required to accrue its benefits increases.) This is the situation that obtains for people waiting for elective surgery in the United Kingdom National Health Service [20] .
We model the patient/OS agent population as a simple queuing eco-system with finite numbers of patients and OS providers. Each OS provider has its own surgical queue or waiting list, imposing a resource limitation on the performance of the healthcare system if the patient/provider ratio is high enough relative to provider throughput. Patients exit the eco-system (and the OS queue) following rehabilitation/readmission when the health episode terminates. Patients entering the system at the initial assessment phase shop for a provider with an individually-acceptable wait time. This is a simplification of the theory that only patients with a high valuation of time will shop for providers, e.g. [21] , by assuming that all patients possess a strict threshold tolerance for waiting. We limit patient search by assuming that every patient contacts exactly n os OS providers before making a treatment decision. If the patient opts for TKA to relieve their knee pain, they randomly query the queue lengths and throughput of n os providers. If at least one of the OS providers has an estimated wait time (calculated by multiplying the constant provider throughput by queue length) that does not exceed the patient's maximum wait time (k 3 =20 days), they always schedule TKA with the OS provider possessing the lowest estimated wait time.
MODEL IMPLEMENTATION
We populated an artificial healthcare ecosystem with patients experiencing knee pain (thousands to tens of thousands) and OS providers (thousands) in RePast Simphony Version 1.0 (Java). Each OS provider was assigned a random surgical throughput value from a uniform distribution. All patient agents were assigned an experienced level of pain from a uniform distribution in the interval [0,100], and a pain threshold from a uniform distribution in [60, 120] . Patient agents were also given a maximum wait time (20 days). After examining the queue length and surgical throughput for a surgeon, the agent compared the earliest possible surgery data to this maximum wait time in order to decide whether or not to schedule a TKA procedure with this surgeon.
The decision model selected for patient agents seeking surgery depends on the assigned utilities for each of the four possible outcomes. Referring back to Table 1 , every utility was modeled as a non-negative number. Disutilities (negative utilities) were not used, so that even a bad outcome is assigned a positive (albeit small) utility value. The system 2 net benefit was 180 -30 = 150; conversely, System 2 net harm was 70 -10 = 60. The facility choice (made by the patient) for TKA was a hospital with probability k 2 =0.75, and Ambulatory Surgical Center (ASC) with probability 1-k 2 =0.25.
The decision process underlying selection of a rehabilitation facility was not modeled in much detail for this initial version of the simulation, although in principle any policy affecting this selection might have a substantial impact on mean total episode cost. Instead, rehabilitation choice was modeled as a random draw from a fixed multinomial distribution, where the probabilities associated with different rehabilitation options were differentiated by two factors: living arrangement and ambulatory status of the patient. Discussions with a local OS provider group * generated the hypothesis that patient living status and ambulatory condition affect patient preferences for post-surgical rehabilitation. Specifically, nonambulatory patients are assumed to have greater preference for inpatient rehabilitation as compared with ambulatory patients. We also expected that patients living alone would prefer inpatient care more than those patients living with another person. We estimated the exact probability values for the simulation based on assumed orderings of the different options. We hypothesized that patients who are not ambulatory prefer a SNF to home-based options, and that among the entire population, options providing more assistance and services to patients are preferred to more self-reliant options. Table 2 shows the probabilities used for the initial set of simulation runs. Although we are not aware of any data showing a direct effect of living arrangement on rehabilitation preferences, one study found that patients living alone were older, had greater comorbidity and reported more pain both before and after joint replacement surgery in comparison to patients living with another person [22] , which, at least, indicates that living arrangement is an important factor in surgical outcomes.
The risk of potentially-avoidable complications (PAC) arising during the post-surgical phase were assumed to be independent of other factors and outcomes in the simulation. The stationary PAC probabilities were fixed at 0.05/day respectively for deep vein thrombosis, infection, hemorrhage or dislocation.
Costs for services used in the initial simulation runs are given in Table 3 . These are approximate costs derived from examination of the clinical literature. Several parameters are set by the user in the RePast graphical user interface panel (Fig. 2) prior to each set of simulation runs. Here the probability of agent avoidance for unwanted information is currently set at 0.25. If present, the bias is enforced at full strength (1.0). The number of OS providers that a patient "shops around" for to minimize their wait time is set at three for all agents in the simulation. The balance between System 1 and System 2 is defaulted at 0.5. Finally, the total numbers of patients and providers is specified in the user panel. 
RESULTS OF SIMULATION EXPERIMENTS
The first simulation experiment established a population of 10000 patients and 1000 OS providers to evaluate the extent of System 1 contribution to treatment decision making over a period of 100 days. A large number of providers was selected because we did not want to overburden the healthcare eco-system for this experiment. Information avoidance was not operational, and only a single OS provider was contacted by each agent. Fig. 3 shows the effect of varying the System 1 contribution parameter ϒ, by systematically drawing values from the set {0, 0.25, 0.5, 0.75, 0.99}.
The qualitative effects of System 1 weight on surgical proportion and total cost (not shown) were virtually identical. Surgical proportion was a monotonic increasing function of the extent of System 1 influence. The slope of the curve is relatively constant up to 75% contribution from System 1, but dramatically increases as the System 1 contribution approached unity (99%). This is the expected result from Eq. 3, which confirms that the main effect of ϒ on surgical proportion was unaffected by other factors in the simulation. We cannot conclude from this result that System 1 induces more people to undergo surgery than actually benefit from it (although that is possible), only that it uses a lower threshold to decide in favor of surgery.
The strength of information avoidance bias was assessed in a second simulation experiment using 10000 patient agents and 1000 OS providers. The run length was fixed at 100 time steps (days). Each agent consulted only one surgeon, and preferred an even balance (0.5) between System 1 and System 2. The values of information avoidance bias were drawn from the set {0, 0.25, 0.5, 0.75, 1}. The results of the simulation run are displayed in Fig. 4 . The third simulation experiment systematically varied the number of OS providers contacted by 10000 patients before making a decision about arthroplasty in order to assess the effect on rationing by wait time. The simulation run was set at 100 days, and each agent expressed equal preference for System 1 (0.5) and System 2 (0.5). Information avoidance was not a factor. For this experiment the pain tolerance threshold was shifted downward 20 pain points from a uniform distribution over (60,120) to (40,100). This change meant that an expected 60% of the patient agents experienced knee joint pain at or above threshold at the beginning of the simulation run. Fig. 5 shows that the total number of surgeries increased as patients widened their fields of OS provider contacts. This general result is demonstrated for two surgeon populations: 100 and 1000; however, the mitigating effect of "shopping around" on rationing was more apparent in the population of 1000 surgeons. This is an expected result, because the probability of finding a surgeon whose schedule meets the threshold cannot decrease with the number of surgeons contacted. The curve for 100 surgeons is nearly flat, indicating that system capacity is reached when using a 100 to 1 patient/provider ratio. When only a single surgeon was contacted, surgery rates were nearly identical for 100 and 1000 surgeons, providing further evidence that "shopping around" behavior is necessary to mitigate the burdensome effects of rationing. 
FUTURE WORK
The initial version of the simulation model demonstrates the effects of wait rationing, decision mode and information avoidance on a simple episodic care queuing eco-system. The following subsections describe four model upgrades that will extend the ability of the simulation model to address questions regarding the behavior of this system.
PRE-ASSESSMENT PHASE AND CONTACT WITH PRIMARY CARE PROVIDER
A high priority for future development is to create a more detailed descriptive model of the first phase of the TKA process. Initial contact with a primary care provider and subsequent efforts to manage experienced pain and restore function to a disabled knee joint are processes that should be included in the model. The degree of success or failure of pain management at this stage will help to determine choices made later in the process.
Several factors can affect the probability that non-surgical treatments in the pre-assessment phase will be ineffective, and thus propel the patient to the initial assessment phase for surgery. Non-compliance with physiotherapy in patients with osteoarthritis of the knee is common. The most important patient-centered factors in non-compliance are "a person's perception of their symptoms, the effectiveness of the intervention, their ability to incorporate it into everyday life and support from physiotherapists." [23] .
PATIENT DECISION TO SEEK SURGERY TO MITIGATE PAIN
The decision to consult an OS provider is probably not simply the outcome of individual choice or referral from a primary care provider. Individuals are influenced by attitudes and behaviors of family, friends, and peers. Attitudes about TKA and perceived social norms concerning TKA can also be viewed as products of social learning that occurs through private conversations, mass media messaging and diffusion of content through social media. For example, an individual experience knee joint pain may decide to seek surgical treatment after hearing about a friend's positive experience with TKA. Similar diffusions of health behaviors are documented in the health psychology literature [13, 24] . Locating patients within social networks is the first step in laying the groundwork for these types of diffusions.
ORTHOPEDIC SURGEON RECOMMENDATION
In the current version of the episodic model, the decision to proceed with TKA is largely patient-centered. The factors ostensibly used by the OS to judge the appropriateness of TKA for a specific patient are not considered here, but could, nonetheless, be modeled in some detail. For example, demographic factors (e.g., BMI) and the degree to which patient outcome expectations are reality-based are two factors believed to enter into the calculus underlying an OS recommendation of surgery as a treatment option. The OS provider may also attempt to manage patient expectations directly through intervention at this stage.
The calculus used by the OS provider can be manipulated by imposition of an explicit payment model. For example, a bundled payment model for which the surgeon quarterbacks all medical expenses surrounding an episode of care might incentivize the provider to reduce exposure to costs associated with high-risk patients, such as potentially avoidable complications.
PATIENT DECISION ON COURSE OF REHABILITATION
The path taken toward rehabilitation after TKA has a significant effect on the total cost of elective surgery. Modeling this decision as a patient-driven discrete choice with independent fixed probabilities may be a reasonable approximation to present-day realities. However, viewing this as a shared decision process (or intervention), where the provider explains potential benefits of lower-cost options that shift some of the responsibility onto the patient, may allow the model to calculate the cost benefits of this kind of intervention. For example, motivated patients may derive just as much benefit from receiving physical therapy on an outpatient basis as an extended post-operative stay in a skilled nursing facility.
The realism of the independence assumption can also be questioned. Rehabilitation choice, prior pain management choices, and the hospital/ASC choice of venue for surgery are quite likely decisions governed by a suite of correlated factors. Some of these factors are probably measurable in some explicit sense, e.g., cost, but we might also hypothesize that these healthcare decisions are primarily related to unobservable patient traits such as pre-TKA expectations, self-efficacy, or locus of control.
SUMMARY AND CONCLUSION
Modeling an episode of healthcare is a natural application of agent-based simulation where patients and providers interact in a healthcare ecosystem. We created an episode of care built around arthroplasty, or total knee replacement surgery, in order to study the influence of three psychosocial factors on pain management decisions in greater detail: (1) dual processing modes in decision making; (2) information avoidance bias; and (3) rationing of healthcare by wait time. Allocating greater decision making resources to the fast intuitive System 1, in contrast with the slow deliberative System 2, resulted in greater proportions of patients suffering from knee joint pain to seek surgical solutions. The mean total cost of episodes of care also increased with more emphasis on System 1 based decision styles. Increasing bias to avoid unwanted information reduced the proportion of patients seeking surgical options. Finally, increased willingness to minimize wait time by "shopping around" for additional OS providers decreased rationing and greater proportions of patients were afforded surgical solutions.
Future model development should be guided by the following considerations. The pre-assessment stage of an episode of care should be modeled in greater detail to include pre-surgical approaches to management of knee joint pain. The patient choice to seek treatment, OS provider assessment, and choice of rehabilitation facility are specific decision points along an episode of care that can be explicated through more descriptive models of decision making, leading to better cost estimates by accounting for the effects of cognitive factors that mediate decisions at critical junctures during an episode of care.
